The reliability of surface-based electrical resistivity tomography (ERT) for quantifying resistivities for shallow subsurface water processes is analysed. A method comprising numerical simulations of water movement in soil and forward-inverse modeling of ERT surveys for two synthetic data sets is presented. Resistivity contrast, e.g. by changing water content, is shown to have large influence on the resistivity quantification.
Geophysical methods cannot directly determine hydrological properties like 27 soil water content. They must be deducted using a general or calibrated rela- 
37
Even assuming that the petrophysical relation between resistivity and water 38 content is known, the resistivity models are non-unique and have likely been To assess the quality of ERT-based water content quantification, the complete 59 processing chain including the inversion process, the petrophysical relation 60 and numerical simulations of the soil water movement has to be evaluated.
61
This study introduces a combined approach using soil hydraulic simulations 62 and ensemble building of inverted models to estimate the uncertainty inherent 63 in typical applications of ERT for water content quantification.
64

Methods
65
To evaluate the inversion process, a forward-inverse cycle approach is used. In the approach is used to discuss how slight variations in the soil structure 73 influence the resistivity retrieval, and thereby the water content retrieval.
74
The second part of the study proposes an ensemble approach which allows an 75 overview of the possible range of inverted models, improves the analysis and 76 enables general assertions about how well a given model can be characterised 77 through the chosen inversion process.
78
In the following, each methodological step of the methods will be shortly 79 introduced, further discussion will illustrate how these steps can be applied to 80 create and analyse two synthetic data sets.
81
The forward-inverse cycle consists of three steps:
82
(1) Simulation of water movement in soil : A model with specific soil structure 83 is generated for numerical simulation of water movement. The movement 84 of a water front, caused by infiltrating rainfall, is simulated over time. 
Forward-inverse cycle
116
The application of this methodology was governed by the available software 117 codes for modeling and inversion. This section discusses how the steps were 118 specifically realised to create and analyse two synthetic data sets.
119
If a continuously connected air phase is assumed, the equation of motion for 123 water in soil was given by Richards (1931) as: 
130
The most widely used parameterisation for the soil-water characteristics (van Genuchten, 
with the scaling factor α, which is related to the air-entry value 1/α, and the 136 parameter ν connected to the pore size distribution. The hydraulic conduc- concise overview of the soil physics is given e.g. by Stephens (1996) . as an iteratively reweighted least-squares method (Wolke and Schwetlick, 1988) 171 in the software RES2DINV:
Here J i are Jacobian matrices of partial derivatives for the i-th iteration, W is 174 a roughness filter using a first-order finite-difference operator (deGroot Hedlin and Constable, 
Ensembles
Inversion problems for geoelectrical surveys are usually ill-posed, mixed deter- 
Building Ensembles
196
Consequently, it might not be sufficient to analyse only the optimum model 
202
For the RES2DINV code used here, the selected parameters are listed in Table   203 1. The table also includes for each parameter the range from which a value was 
215
It should be noted that this choice of variations is specific for the software used 216 in this study. However, the idea can easily be transferred to similar inversion 217 approaches.
218
Almost all inversions resulted in inverted models with RMS errors smaller 219 than 4% as can be expected from adding 3% artifical noise to the data set.
220
Some single inversions, however, resulted in a larger RMS error. In section 3,
221
both, inversion models with RMS ≤ 4% and > 4%, will be included to keep 222 the ensembles balanced. 
Clustering
224
Each ensemble is created as a set of 50 different inversion models and then 225 regrouped using a k-means clustering algorithm (Dubes and Jain, 1988 (Fig. 2) . Three characteristic states of the simulated results can 286 be identified: dry state (Fig. 2a) , infiltration state (the plume begins to form 287 in the sand, Fig. 2b ) and the diffusion state (Fig. 2c) , where the center of 288 the plume has propagated into the sand and the top layer is already drying.
289
The transfer from water content to resistivities was done by assuming a dry 
Ensemble
324
The inversion ensemble for the case of the defective sealing and the diffusion 325 state is shown in Figure 5 . All models within the ensemble detected the over- but mostly the vertical extent of the plume feature is overestimated.
336
To comprehend the ensemble results in a simple way, averaged models of each 337 cluster are shown in Figure 6 . As the clustering process already involves av-338 eraging, this is a valid method. In Figure 6 , the mean models for each of contains only 3 models, whereas the largest cluster contains almost half the 342 models of the ensemble. The average RMS error of each cluster is below 4%.
343
The most prominent feature retrieved in all models is the two-layered struc- 
Second Case: Hydraulically Resistive Anomaly
353
In the second case, the accuracy of resistivity quantification for a rectangular, front. In the dry state (Fig. 7a) , the soil is completely free of water. In the 366 infiltration state (Fig. 7b) , the water front is propagating into the volume. The 367 hydraulically resistive anomaly causes water to impound on top, only slowly 368 infiltrating into the anomaly. In the diffusion state (Fig. 7c) , the infiltration is filled with water that infiltrates into the sand beneath.
372
Analysis of the quality of water content estimation through ERT was con- (Table 3) .
382
Forward-Inverse Cycle
383
Inspection of the inverted models (Fig. 8, right column) shows that the rectan- 
389
In the following, results for the different models shown in Table 3 will be 390 compared regarding ∆ρ m (Eq. 7), which now corresponds to the (minimal) re-391 sistivity of the anomaly. Figure 9 shows ∆ρ m as a function of anomaly depth.
392
For the Wenner-Schlumberger array, ∆ρ m increases with anomaly depth, reach- of water percolation, especially in the presence of an organic overburden.
398
As can be seen in Figure 8 , the error in depth resolution is rather large. If measurements taken using this array could not be interpreted with the avail-410 able inversion routines.
411
As a measure of the quality of the inversion, a simple criterion containing the 412 model misfit M as the sum of all errors has been applied:
where F i is the i-th model block of the inversion domain discretisation.
415
Comparison of M for the different states of water percolation (Fig. 10) shows 416 that the diffusion state gives significantly better results. In this state, the misfit 417 below the organic overburden and to the sides of the anomaly is much smaller,
418
additionally the depth of the anomaly and overburden are better resolved.
419 Figure 11 shows the spatial error distribution for each state. In the dry state, 420 the biggest errors stem from an overestimated thickness of the overburden,
421
which also entails further mispositioning of the anomaly. The anomaly itself is 422 also vertically elongated, leading to considerable errors in the lower parts. In 423 the diffusion state (Fig. 11 (b) ), the resistivity contrast between overburden 424 and wet sand is much smaller, due to a) the sand having a reduced resistivity Table 4 . anomaly and an artifact of smaller extent than in model 13.
460 Table 4 shows, sorted for the cluster representatives, the misfits in the anomaly's The methods were applied to two case studies of simple soil models based on a
474
• Clustering of ensemble members allows an evaluation of the different possi-500 ble models that fit the data. Areas likely to be plagued by artifacts can be 501 identified and the reliability of standard inverted models can be evaluated.
502
• However, the quantification of resistivities is not considerably improved by Table 2 Soil parameters for the van Genuchten-Mualem parameterisation. θ r is the residual water content, θ S is the volumetric water content at full saturation, α and n are parameters connected to the pore radii, and K s is the hydraulic conductivity at saturation. Table 4 Misfit for the cluster representative shown in Figure 12 (misfits in Ωm). Steps in the forward-inverse cycle. Below: Steps in the ensemble method. 
